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Next generation sequencingRecent advances in high throughput sequencing technologies and concurrent reﬁnements in 16S rDNA isolation
techniques have facilitated the rapid extraction and sequencing of 16S rDNA content of microbial communities.
The taxonomic afﬁliation of these 16S rDNA fragments is subsequently obtained using either BLAST-based or
word frequency based approaches. However, the classiﬁcation accuracy of such methods is observed to be
limited in typical metagenomic scenarios, wherein a majority of organisms are hitherto unknown. In this
study, we present a 16S rDNA classiﬁcation algorithm, called C16S, that uses genus-speciﬁc Hidden Markov
Models for taxonomic classiﬁcation of 16S rDNA sequences. Results obtained using C16S have been compared
with the widely used RDP classiﬁer. The performance of C16S algorithm was observed to be consistently higher
than the RDP classiﬁer. In some scenarios, this increase in accuracy is as high as 34%. A web-server for the C16S
algorithm is available at http://metagenomics.atc.tcs.com/C16S/.
© 2012 Elsevier Inc. All rights reserved.1. Introduction
One of the ﬁrst steps in metagenomic analysis is estimating taxo-
nomic diversity of a given environmental sample. This step involves
identiﬁcation of various taxa in the sample, and proﬁling their abun-
dance in both relative and absolute terms. Out of the several methods
available for the rapid estimation of taxonomic diversity, the most
popular one is analyzing the 16S ribosomal DNA (16S rDNA) gene
sequences obtained from a given environment [1,2]. Several properties
of the 16S rRNA gene enable its use as an ideal taxonomic marker for
obtaining accurate estimates of taxonomic diversity. The ﬁrst property
is the ubiquitous presence of this gene across all prokaryotic lineages.
Second, given that the 16S rRNA gene is involved in key cellular
processes (e.g. protein synthesis), its involvement in horizontal gene
transfer events is expected to be minimal [3,4]. This property makes it
an ideal marker for assessing the evolutionary changes in taxonomic
lineages. Finally, 16S rRNA gene sequences have stretches of conserved
regions alternating with hypervariable regions. The eight highly
conserved regions (U1–U8) are known to be generally conserved across
all prokaryotic lineages [5]. The presence of such conserved regions
(ﬂanking the hypervariable regions) facilitates the speciﬁc isolationovation Labs Hyderabad, Tata
adhapur, Hyderabad 500081,
rna@atc.tcs.com (P. Gajjalla),
.tcs.com (S.S. Mande).
rights reserved.and PCR based ampliﬁcation of 16S rDNA gene fragments of most
organisms present in a given environmental sample. Interspersed be-
tween these conserved regions are nine hypervariable regions (V1–
V9) which are speciﬁc to each organism. These regions act as ‘taxo-
nomic barcodes’ which can be used to afﬁliate a given 16S rDNA
gene fragment to a speciﬁc organism or taxonomic lineage.
The recent emergence of high-throughput sequencing technologies
[6] has led to the development of new variants of the 16S rDNA-based
approaches for taxonomic estimation. These new variants involve the
use of primers which are speciﬁc to conserved regions which ﬂank
various hypervariable regions (e.g., V2 or V6). The use of such primers
facilitates the rapid extraction of sequence fragments corresponding
to these hypervariable regions. These fragments, being much smaller
in length, can be rapidly sequenced using high throughput sequencing
technologies. Besides, recent studies have indicated that taxonomic
diversity estimates obtained by analyzing speciﬁc hypervariable regions
(especially V4, V5+V6, and V6+V7 regions) are comparable to those
obtained using full-length 16S rRNA gene fragments [7].
In order to taxonomically classify 16S rDNA fragments, a majority of
researchers either use BLAST [8] or the Naïve Bayesian based Ribosomal
Database Project (RDP) classiﬁer [9]. In the BLAST based approach, a 16S
rDNA fragment is ﬁrst compared against databases such as RDP [10] or
Greengenes [11]. These databases contain 16S rDNA sequences from
known and characterized genomes. The BLAST hits obtained are then
ﬁltered to remove insigniﬁcant hits. Each 16S rDNA fragment is subse-
quently assigned to the organism whose 16S rDNA sequence has the
best signiﬁcant hit to the sequence of the input fragment (obtained
from the environmental sample). This approach is currently adopted
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CAMERA [13]. Although the above approach can efﬁciently classify
16S rDNA fragments originating from known organisms, it has limited
applicability in a typical metagenomic scenario. The reason for
this is as follows. A majority of 16S rDNA sequences obtained from
environmental samples originate from uncharacterized or hitherto
unknown organisms. These organisms may belong to an entirely
new species or genus or family or order or class or even a new
phylum. Given that the best BLAST hit approach attempts to map
16S rDNA fragments to known taxonomic groups, adopting this
approach for novel 16S rDNA sequences (originating from hitherto
unknown taxonomic clades) will result in wrong estimates of
taxonomic diversity. One way of reducing the wrong assignments
is to use a stringent set of BLAST thresholds (e.g. E value, identity).
However, this will result in a large number of 16S rDNA fragments
remaining unclassiﬁed.
Besides the BLAST based approach, several metagenomic studies
use the RDP classiﬁer for taxonomically characterizing 16S rDNA frag-
ments [9]. In contrast to the BLAST based approach, the RDP classiﬁer
ﬁrst identiﬁes a probable taxonomic lineage to which the given 16S
rDNA fragment belongs. This taxonomic lineage corresponds to the
lineage of the genus, whose 16S rDNA sequences have 8-mer word
frequencies ‘most’ similar to that of the given 16S rDNA fragment.
Using a random subset of 8-mer words belonging to the 16S rDNA
fragment, the classiﬁer then performs 100 bootstrapping iterations
to associate a conﬁdence score to each taxa belonging to the identi-
ﬁed taxonomic lineage. The 16S rDNA fragment is ﬁnally assigned to
the most speciﬁc taxon (of this lineage) that generates a conﬁdence
score above a predetermined conﬁdence threshold. In principle, this
bootstrapping strategy confers an advantage to the RDP classiﬁer
(over BLAST) since it facilitates the assignment of 16S rDNA fragments
(originating from hitherto unknown organisms) at higher taxonomical
levels. However, it is to be noted that RDP classiﬁer identiﬁes and scores
taxa in the most probable taxonomic lineage only in ‘relative’ terms. It
does not take into account the absolute similarity (in terms of actual
number of word matches) between the 16S rDNA fragment and the
16S rDNA sequences of taxa belonging to the most probable taxonomic
lineage. Moreover, recent studies have indicated that the classiﬁcation
accuracy of the RDP classiﬁer also drops in cases where 16S rDNA
fragments originate from taxonomic groups that are sparsely repre-
sented in current 16S rDNA databases [14].
Recently, HiddenMarkov Models (HMMs) have been used for accu-
rately identifying and annotating ribosomal fragments from genomic/
metagenomic sequence data [15–17]. HMMs are statistical models
that identify conserved signatures by capturing position speciﬁc varia-
tion patterns within a set of related sequences. Given the presence of
universally conserved regions in 16S rDNA genes, HMMs have been
used to detect and annotate 16S rDNA gene regions in genomic
sequences [15]. HMMs have also been applied for the detection of frag-
ments harboring (complete/partial) 16S rDNA genes in metagenomic
sequence data sets [16,17]. However, in-spite of the above applicability
of HMMs (for the identiﬁcation and annotation of 16S rDNA genes), no
study (to the best of our knowledge) has attempted to apply HMMs for
the accurate taxonomic classiﬁcation of 16S rDNA gene sequences in
metagenomic data sets.
In this paper, we present a HMM-based 16S rDNA classiﬁcation al-
gorithm, called C16S. The C16S algorithm adopts a two phase ap-
proach for the taxonomic classiﬁcation of partial or full-length 16S
rDNA sequences. In the ﬁrst phase, the algorithm scores a given 16S
rDNA fragment against precomputed genus-speciﬁc HMMs and iden-
tiﬁes the genus corresponding to the highest scoring HMM. Since a
majority of organisms in a typical metagenomic sample are novel, as-
signment of the 16S rDNA fragment directly to the highest scoring
genus is expected to result in wrong assignment. To address this,
the second phase of C16S takes into account the quality of the HMM
alignment (reﬂected as the HMM alignment score) and restricts theassignment at an appropriately higher taxonomic level. Once this tax-
onomic level (referred to as TL) is identiﬁed, the taxonomic ancestor
corresponding to the highest scoring genus at the TL is obtained and
the query is ﬁnally assigned to this taxonomic ancestor. We have
compared the performance of this algorithm with that of the RDP
classiﬁer using validation data sets simulating real time metagenomic
scenarios.
2. Results
2.1. Results with validation data sets
Fig. 1 summarizes the overall distribution of taxonomic assignments
obtained using the C16S and the RDP classiﬁer for the four validation
data sets. The detailed distribution of assignments by the two methods
for each individual database scenario is provided in Supplementary
Fig. 1. The overall results indicate that the misclassiﬁcation rate of the
C16S algorithm is consistently lower (by 4% to as high as 34%) than
that obtained using the RDP classiﬁer (using conﬁdence score thresh-
olds of 75–90%). Furthermore, it is also seen that the difference is espe-
cially pronounced for sequences having lengths greater than 800 bp. It
is also observed that the misclassiﬁcation rate of the RDP classiﬁer
decreases with increasing conﬁdence score thresholds. Using a strin-
gent conﬁdence score threshold of 100%, the misclassiﬁcation rate of
the RDP classiﬁer is seen to decrease drastically and is even observed
to bemarginally lower (0.4–4%) than that obtained using C16S. Howev-
er, using this conﬁdence score threshold of 100%, the percentage of
correct assignments by RDP classiﬁer at speciﬁc levels is seen to be
11–16% lower than that obtained using C16S (Fig. 1). On the other
hand, the percentage of correct assignments at speciﬁc levels by C16S
is seen to be comparable to those obtained by the RDP classiﬁer
(using conﬁdence score thresholds of 75–90%). These results thus dem-
onstrate that the higher accuracy obtained using the C16S algorithm is
not at the cost of assignment speciﬁcity. The overall results (of assign-
ment accuracy and speciﬁcity) in Fig. 1 also suggest that the classiﬁca-
tion efﬁciency of the C16S algorithm increases with increase in the
length of the input sequences.
It is also observed from Fig. 1 that, except for sequences of length
800 bp, the cumulative percentage of correct assignments by C16S
at speciﬁc and intermediate levels is observed to be consistently
higher (8–16%) than that by RDP classiﬁer (using a 100% conﬁdence
threshold). On the other hand, among all the methods, RDP classiﬁer
(with a 100% conﬁdence threshold) assigns the highest percentage of
sequences at higher (non-speciﬁc) taxonomic levels. These results
indicate that, unlike the RDP classiﬁer (with a stringent conﬁdence
threshold), C16S is able to achieve a low misclassiﬁcation rate by
assigning sequences to taxonomic levels that are speciﬁc to the extent
possible (and not by simply restricting assignments to inappropriately
high taxonomic levels).
2.2. Results with FAMeS 16S rDNA data sets
Fig. 2 compares the pattern of taxonomic assignments obtained
using C16S with those obtained using the RDP classiﬁer (with various
conﬁdence score thresholds) for the FAMeS 16S rDNA data set. The
results indicate that C16S has a higher classiﬁcation accuracy as
compared to the RDP classiﬁer. The difference in misclassiﬁcation
rate is especially pronounced (as high as 26–40%) when the RDP clas-
siﬁer is used with conﬁdence thresholds of 80% and 90%. It is to be
noted that when used with conﬁdence threshold of 100%, the accura-
cy of the RDP classiﬁer (87.5%) increases drastically (as compared to
those with conﬁdence score thresholds of 80% and 90%), and is ob-
served to be marginally lower to that obtained using C16S (89.9%).
However, C16S, in addition to its high accuracy, is also observed to
assign a higher percentage of sequences (9–10%) correctly at the
Fig. 1. Distribution of taxonomic assignments (averaged across the four simulated database scenarios) obtained using the C16S and the RDP classiﬁer for the four validation data
sets. Note: In Fig. 1, the terms RDP:75, RDP:80, RDP:85, RDP:90 and RDP:100 refer to the taxonomic assignments obtained using the RDP classiﬁer with conﬁdence thresholds of
75%, 80%, 85%, 90% and 100%, respectively. The terms ‘SPECIFIC LEVELS’, ‘INTERMEDIATE LEVELS’ and ‘HIGHER LEVELS’ refer to the correct assignments at speciﬁc, intermediate
and higher levels, respectively.
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correctly assign 67% of sequences at the taxonomic levels of phylum
or below, as compared to 42–60% obtained using the RDP classiﬁer.These results indicate that C16S is not only accurate but also speciﬁc
in the assignment of 16S rDNA sequences constituting the FAMeS
simulated data set.
Fig. 2. Pattern of taxonomic assignments obtained using the C16S and the RDP classiﬁer on the FAMeS 16S rDNA data set. Note: The RDP classiﬁer was used with conﬁdence score
thresholds of 80%, 90% and 100%.
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One of the ﬁrst steps in metagenomic analysis is to catalog the taxo-
nomic diversity prevalent in a given environmental sample. Besides
enabling researchers to get preliminary insights of community struc-
ture, the obtained estimates of taxonomic diversity form the basis of
several downstream analysis steps. Given the critical nature of this
step, it is important to have experimental approaches that can efﬁcient-
ly extract and amplify 16S rDNA fragments originating from diverse
taxonomic clades. Even more important is the availability of efﬁcient
computational methods that can taxonomically classify each of these
fragments with high accuracy and speciﬁcity. Since most of the organ-
isms in an environmental sample are unknown, it is a challenging task
to obtain accurate taxonomic assignments for 16S rDNA fragments orig-
inating from such hitherto unknown organisms.
The results obtained usingC16S algorithmonvarious validationdata
sets aswell on the simulated FAMeS 16S rDNA data set indicate that the
classiﬁcation accuracy by C16S is consistently higher as compared to
that by RDP classiﬁer (except when the latter is used with a stringent
conﬁdence score threshold of 100%). Although using a stringent conﬁ-
dence score threshold results in the RDP classiﬁer achieving a similar
classiﬁcation accuracy as C16S, the speciﬁcity of C16S is observed to
be consistently higher.
C16S, unlike the RDP classiﬁer, relies on the actual alignment of the
16S rDNA fragments with the genus speciﬁc HMMs. This helps in ﬁrst
identifying a genus having the highest similarity to the given 16S
rDNA fragment. However, instead of assigning the given 16S rDNA
fragment directly to its best scoring genus (as in the BLAST based
approaches or the RDP classiﬁer), the quality of the alignment is subse-
quently taken into account. Based on the length of the 16S rDNA frag-
ment, the algorithm ﬁrst compares alignment score (obtained with
the best scoring genus) with a set of empirically derived thresholds.
Subsequently the fragment is assigned at an appropriate taxonomic
level (which is also speciﬁc to the extent possible). The combination
of the above two steps is seen to be responsible for the signiﬁcant
increase in the accuracy of assignments. For some of the simulated
scenarios, this increase in accuracy is seen to be as high as 34%. Valida-
tion results also indicate that, the increase in accuracy obtained using
C16S is not achieved at the cost of speciﬁcity.
The HMM Score thresholds used by C16S are applicable for se-
quences obtained not only using Sanger sequencing technology(>800 bp), but also for shorter length sequences obtained using 454-
FLX (sequence length around 250 bp) and 454-Titanium (400 bp).
Furthermore, C16S algorithm was also tested on two real-world 16S
rDNA data sets sequenced using the Illumina platform. The results
(Supplementary Material 1) of this analysis indicate that the pattern
of taxonomic assignments obtained using C16S is in conformance to
that reported in the original study [18]. These results further demon-
strate the robustness of C16S even with sequences as short as
100–150 bp. Consequently, C16S completely obviates the need for a
pre-assembly step. C16S simply considers the length of each individual
sequence, and classiﬁes it accordingly (based on the appropriate HMM
score threshold).
Besides, another important aspect of the current study is the valida-
tion strategy used to evaluate the classiﬁcation efﬁciency of the C16S al-
gorithm. The accuracy and speciﬁcity of taxonomic classiﬁcation
algorithms (intended to be used for the analysis of metagenomic data
sets) are usually validated using a ‘leave one (species) out’ strategy, in
which sequences (or scoringmodels) belonging to only a single species
are removed from the reference database. Subsequently, the perfor-
mance of the algorithm is tested by querying test sequences derived
from the removed species against this modiﬁed database. This strategy
is intended to simulate a scenario of only one ‘unknown’ (new) species
being present in the metagenomic sample. A similar (‘leave one out’)
validation strategy was even used in the original study on the develop-
ment of the RDP classiﬁer [9]. However, a majority of 16S rDNA
sequences in typical metagenomic samples originate from organisms
that belong to entirely hitherto unknown (new) clades at various
taxonomic levels (e.g., class, order, family, genus). Given this scenario,
a ‘leave one clade out’ strategy was adopted in the current study,
wherein models belonging to an entire clade (genus, family, order and
class) were removed from the reference database. Subsequently, test
sequences originating from genera belonging to the removed clades
were queried against this modiﬁed database. Adopting such a ‘leave
one clade out’ strategy is more appropriate for the validation of algo-
rithms designed to be used in a real metagenomic scenario.
4. Conclusions
C16S has been developed as an improved algorithm for the accurate
taxonomic classiﬁcation of 16S rDNA fragments. The performance of
this algorithm has been validated using 16S rDNA fragments of various
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levels obtained with this algorithm indicates its suitability in obtaining
an accurate snapshot of microbial diversity in an environment.
5. Methods
5.1. Preprocessing steps
5.1.1. Generation of genus-speciﬁc HMMs
A non redundant data set of near full length (>1200 bp), error
free (without any ambiguous bases) 16S rDNA sequences was down-
loaded from the Ribosomal Database Project (http://rdp.cme.msu.
edu/). This data set included 63,325 sequences corresponding to
1907 distinct genera. Sequences belonging to the same genus were
grouped together. Sequences under each genus group were ﬁrst
aligned using CLUSTALW2 [19], with default parameters. Multiple
sequence alignments generated using sequences in each genus group
were then provided as individual inputs to the HMMER program [20].
This resulted in generation of 1907 genus-speciﬁc HMMs.
5.1.2. Determination of HMM score thresholds
Full length 16S rDNA sequences downloaded from the RDP data-
base were randomly fragmented into non-overlapping sequences of
lengths 250 bp, 400 bp and 800 bp. Subsequently, four training data
sets (each containing 15,000 16S rDNA fragments) were generated.
Each of these data sets contained sequence fragments of a particular
length. Based on the lengths of 16S rDNA fragments, these data sets
were referred to as ‘Training-Set-250 bp’, ‘Training-Set-400 bp’,
‘Training-Set-800 bp’ and ‘Training-Set-Full-length’. Sequences con-
stituting these four training data sets simulated the typical sequence
lengths obtained from the commonly used sequencing technologies,
namely 454-Standard (read length centered around 250 bp), 454-
Titanium (400 bp) and Sanger (800 bp and full length sequences).
For every sequence in each of the training data sets, the taxonomic
lineage of the source organism was ﬁrst obtained. Subsequently
each sequence was scored against six sets of HMMs. These HMMs
were derived as follows. The ﬁrst set contained all the 1907 genus
models. The remaining ﬁve sets were derived from the ﬁrst set by
progressively removing HMMs corresponding to the genus, family,
order, class and phylum of the source organism of the sequence.
All sequences in each of the four training data sets were compared/
scored against their respective (six) sets of HMMs. For each of these
comparisons, the taxonomic lineage of genus corresponding to the
best scoring model was identiﬁed along with the corresponding align-
ment score. Subsequently, for each data set, the alignments obtained
were tagged under the following groups. If the genus corresponding
to the best scoring model matched with the genus corresponding to
source organism of the query sequence, then the alignment was tagged
as ‘diverged from genus’. On the other hand, if the lineage of the best
scoring genus diverged from the taxonomic lineage of the source (of
the query sequence) at either the family or order or class or phylum
or super-kingdom levels, the alignment was tagged as ‘diverged from
family’, ‘diverged from order’, ‘diverged from class’, ‘diverged from
phylum’, ‘diverged from super-kingdom’, respectively. Finally, for
each of the six groups, namely ‘diverged from genus’, ‘diverged fromTable 1
Range of HMM score thresholds used for identifying an appropriate taxonomic level of assi
Sequence
length
Score range for restricting taxonomic assignment at
Genus Family Order
250 bp >450 420–450 400–419
400 bp >720 680–720 640–679
800 bp >1400 1350–1400 1300–1349
Full length >2550 2400–2549 2300–2399family’, ‘diverged from order’, ‘diverged from class’, ‘diverged from
phylum’, and ‘diverged from super-kingdom’, the percentage of
alignments obtained across various ranges of scores was plotted
(separately for each of the training data sets). The thresholds of
alignment scores (for restricting the assignment of a given 16S rDNA
fragment at a particular taxonomic level) were then determined by
adopting a methodology similar to that used in the SOrt-ITEMS
algorithm [21]. The obtained plots and the inferences drawn from
these plots (for all four training data sets) are given in Supplementary
Material 2. A summary of these inferences is given in Table 1.
5.2. Steps for taxonomic classiﬁcation of 16S rDNA sequences
The various steps followed by the C16S algorithm for the taxo-
nomic classiﬁcation of 16S rDNA fragments are described below.
5.2.1. Scoring against genus speciﬁc HMMs
A given query sequence is ﬁrst scored against the complete set of
1907 HMMs. Query sequences which do not generate an alignment
score of greater than 10 (with any of the HMMs) are classiﬁed as
‘unassigned’. For query sequences generating signiﬁcant alignments,
the genus and the corresponding score of the best scoring HMM are
identiﬁed.
5.2.2. Identiﬁcation of an appropriate taxonomic level of assignment
Based on the length of the input sequence, the algorithm then
compares the obtained best HMM scorewith the corresponding thresh-
old values of HMM scores (Table 1) and identiﬁes an appropriate taxo-
nomic level (TL) of assignment for the given query 16S rDNA fragment.
5.2.3. Final taxonomic classiﬁcation of the query sequence
Once TL is identiﬁed, the query is assigned to the taxonomic ancestor
(at the level of TL) corresponding to the best scoring genus.
5.3. Validation procedure
5.3.1. Data sets and simulated database scenarios
Adopting a methodology similar to that used for generating training
data sets, four validation data sets (each containing 15,000 sequences of
a speciﬁed length), referred to as ‘Validation-Set-250 bp’, ‘Validation-
Set-400 bp’, ‘Validation-Set-800 bp’, and ‘Validation-Set-Full-length’
were generated. It was ensured that the 16S rDNA fragments used in
the validation data sets were distinct from those constituting the corre-
sponding training data sets.
To validate the performance of C16S algorithm for typical metage-
nomic scenarios (wherein a majority of 16S rDNA sequences are
obtained from organisms having no representation in current 16S
rDNA databases), every sequence in each validation set was scored
against four sets of HMMs. These sets were generated by removing
HMMs corresponding to the genus, family, order and class of the source
organism of the query sequence, respectively.
5.3.2. Categorization of assignments
For each of the validation data sets and simulated database scenar-
ios, taxonomic assignments obtained with C16S for all query 16S
rDNA fragments were classiﬁed into categories described below.gnment for 16S rDNA sequences of various lengths.
Class Phylum Superkingdom
370–399 350–369 b350
600–639 580–599 b580
1200–1299 1100–1199 b1100
2100–2299 1900–2099 b1900
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taxa that lie in the path between the root to the source genus of the
sequence were categorized as ‘Correct’. For example, for a 16S rDNA
fragment originating from the genus ‘Rhizobium’, assignment to any
of the following taxa was categorized as ‘correct’
Root; cellular organisms; Bacteria; Proteobacteria; Alphaproteobac-
teria; Rhizobiales; Rhizobiaceae; Rhizobium/Agrobacterium group;
Rhizobium.
For each simulated scenario, the correct assignments were further
subdivided into three different subcategories:
Speciﬁc Level: In scenarios where HMMs corresponding to a speci-
ﬁed taxonomic level (genus or family or order or class) were absent
from the database, a correct assignment obtained for the query
sequence at the immediate higher taxonomic level was categorized
as a correct assignment at ‘Speciﬁc Level’. For example, in a ‘new
genus’ simulated scenario, wherein HMMs corresponding to the
source genus of a 16S rDNA fragment were removed from the data-
base, an assignment of the query fragment to the corresponding
family was categorized as a correct assignment at speciﬁc level.
Similarly, for the ‘new family’, ‘new order’ and the ‘new class’ simu-
lated scenarios, correct assignments at the level of order, class and
phylum, respectively, were categorized as correct assignments at
speciﬁc levels.
Intermediate Level: Correct assignments of the query 16S rDNA se-
quences to taxa that lie between the phylum level and the speciﬁc
level (described in the previous paragraph) were classiﬁed as
correct assignments at ‘Intermediate’ levels.
Higher Level: Correct assignments of the query 16S rDNA sequence
to root or cellular organisms or to Super-kingdom levelswere classi-
ﬁed as correct assignments at ‘Higher levels’.
5.3.2.2. Wrong assignments. Assignment of a 16S rDNA fragment to a
taxon that does not lie in the path from root to the source genus of
the input fragment was categorized as ‘Wrong’.
5.4. Comparison with RDP classiﬁer
For evaluating the classiﬁcation accuracy and speciﬁcity, the taxo-
nomic assignments obtained with C16S algorithm were compared
with those obtained using a standalone version of the RDP classiﬁer
[9]. For the RDP classiﬁer, an in-house script was written for dynam-
ically generating the four simulated scenarios corresponding to ‘new
genus’, ‘new family’, ‘new order’ and ‘new class’ (as described in
Section 5.3.1). This in-house script takes in as input a list of genera
belonging to a given taxonomic clade(s) and selectively excludes
these genera from the 8-mer based naïve Bayesian scoring process.
The sequences in the four validation data sets were then given as inputs
to these four variants of the RDP classiﬁer (simulating the new genus,
new family, new order and the new class scenarios).
In a metagenomic scenario, the pattern of taxonomic assignments
obtained using the RDP classiﬁer is expected to vary depending upon
the conﬁdence score threshold. Use of low conﬁdence score thresholds
(b70%) is expected to increase the percentage of assignments at ﬁner
taxonomic levels (like genus, family, order etc.). However, the accuracy
of these assignments is expected to be low. On the other hand, while
using stringent conﬁdence score thresholds (~100%) are expected to
signiﬁcantly increase the accuracy of assignments, a loss of speciﬁcity
may result due to the restriction of the taxonomic assignments conser-
vatively at higher taxonomic levels (like phylum, superkingdom, etc.).
In this regard, the help page of the RDP classiﬁer (http://rdp.cme.msu.
edu/classiﬁer/class_help.jsp) suggests a default conﬁdence threshold
of 80% for sequences of length greater than or equal to 250 bp. However,
for the purpose of exhaustive evaluation, the taxonomic assignmentsfor the RDP classiﬁer were obtained using a range of conﬁdence score
thresholds ranging between 75 and 100%. These taxonomic assign-
ments were then categorized into four groups (wrong assignments,
correct assignments at speciﬁc, intermediate and higher levels) as
described in Section 5.3, and compared with those obtained using the
C16S algorithm.5.5. Comparing the performance of C16S algorithm and RDP classiﬁer on
simulated 16S rDNA data sets
Since our knowledge of the actual taxonomic composition of the
microbial communities residing in different environments is limited,
evaluating the classiﬁcation accuracy and speciﬁcity of any taxonomic
classiﬁcation algorithm on 16S rDNA data sets obtained from actual
environmental samples is difﬁcult. Consequently, the performance
of C16S and the RDP classiﬁer was evaluated using a synthetically
created ‘16S rDNA data set’ available at the FAMeS (Fidelity of Analy-
sis of Metagenomic Samples) repository [22]. This simulated data set
consists of 1677 sequences of lengths around 800 bp. A majority of
these 16S rDNA sequences were obtained from bacterial isolates.
The full taxonomic classiﬁcation of each of these sequences has
been independently veriﬁed by three different classiﬁcation methods,
namely the RDP classiﬁer (at 95% conﬁdence threshold), the Green-
genes and BLASTn searches against the RDP database. This makes it
an ideal data set for evaluating the efﬁciency of 16S rDNA taxonomic
classiﬁcation algorithms.
The FAMeS 16S rDNA data set contains sequences belonging to 12
classes, 21 orders, 37 families and 46 genera. In order to evaluate the
performance of the C16S algorithm in a scenario mimicking real meta-
genomic condition (wherein 16S rDNA sequences originate from
novel organisms unknown at different taxonomic levels), genus speciﬁc
HMMs belonging to 5 classes, 6 orders, 9 families, and 8 genera (select-
ed randomly from the taxonomic lineages represented in the FAMeS
data set) were completely removed from the database containing
1907 HMMs. This created a simulated metagenomic scenario, wherein
16S rDNA sequences (in the FAMeS data set) belonging to the ‘removed’
taxonomic clades represented those originating from unknown organ-
isms at different taxonomic levels. The details of the taxonomic lineages
representing the sequences in the FAMeS data set, as well as, the ‘re-
moved’ taxonomic clades are summarized in Supplementary Table 1.
Likewise, a similar simulated scenario was generated for the RDP classi-
ﬁer using the in-house script described in Section 5.4. Under this simu-
lated scenario, assignments of the sequences in the FAMeSdata setwere
obtained using C16S and compared with those obtained using the RDP
classiﬁer (with conﬁdence thresholds of 80%, 90% and 100%).
Supplementary materials related to this article can be found
online at doi:10.1016/j.ygeno.2012.01.008.Acknowledgments
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